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Abstract. Large Language Models (LLMs) have demonstrated remarkable capabilities in text
generation, yet their outputs often depend heavily on pre-training data and lack the factual depth
required for domain-specific long-form writing, such as industrial reports or biographical sum-
maries. To address this limitation, we propose MSDA-Text (Template-Guided Long-Form Text
Generation with Multi-Source Data Augmentation), a framework designed to produce accurate
and comprehensive long-form texts aligned with user intent. Building upon existing long-text
generation architectures such as Storm, MSDA-Text introduces two key enhancements: (1) a
template-guided outline generation process that incorporates user-provided reference materials
into multi-perspective LLM discussions, and (2) multi-source data augmentation that integrates
both Internet-based and local real-time data through Retrieval-Augmented Generation (RAG)
and Text-to-SQL techniques. The framework employs the Model Context Protocol (MCP) to
unify template parsing across heterogeneous file types and features a long-text writing agent that
autonomously retrieves and synthesizes content for each outline section. Experimental results
demonstrate that MSDA-Text generates long-form documents that are more structured, user-
aligned, and factually grounded than existing LLM-based methods.

Keywords:  Large Language Models, Long-Form Text Generation, Multi-Source Data Aug-
mentation, Template-Guided Generation, RAG, Text-to-SQL.

1 Introduction

Since their emergence, large language models (LLMs) have demonstrated unprecedented capa-
bilities in text generation [1]. However, the content they produce is often limited by their pre-training
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Fig. 1. Overall Architecture of MSDA-Text. This figure illustrates the Template-Guided Long-Form Text
Generation Strategy with Multi-Source Data Augmentation.

data and fails to meet the demand for well-grounded, domain-specific long-form texts such as indus-
trial reports or biographical summaries. This study aims to construct a long-text generation model
that leverages broader data sources while better aligning with user requirements, with the goal of
producing comprehensive and accurate industrial reports.

For instance, researchers from Stanford University proposed the Storm framework [2], enabling
LLMs to generate well-structured long-form articles such as complete Wikipedia pages. Storm
summarizes the process of generating long-form text into two key stages:

* Generating a detailed outline of the article through LLM-based multi-agent discussions, fol-
lowed by retrieving a set of relevant reference documents based on that outline;

 Using the outline as the core structure to fill in content drawn from the reference materials,
thereby producing a coherent and informative long-form article.

The Storm framework highlights the importance of incorporating external resources for en-
hancing long-form generation quality. However, much domain-specific information cannot be easily
obtained through simple topic-based retrieval. To enhance LLMs’ research capabilities, Storm em-
ploys multi-perspective discussions to synthesize a more comprehensive thematic outline before data
collection and content generation.

Building upon this foundation, our work seeks to develop a more refined, precise, and real-time
long-text generation system, with two key improvements:

e The outline produced from LLM multi-perspective discussions often diverges from users’
expectations. We aim to improve this process by allowing user-provided guidance or hints
to influence the discussion and outline generation, ensuring that the resulting structure aligns
more closely with user intent.

¢ While existing frameworks rely primarily on Internet data—which, although superior to tra-
ditional outline-driven RAG architectures [3], may lack access to unpublished or proprietary



data—we aim to enable our system to incorporate real-time local data updates into the gener-
ated long-form text.

To address the misalignment between LLM-generated outlines and user expectations [4], our
approach introduces an interface for user-provided reference templates, allowing users to upload
long-text exemplars or related documents. The system analyzes these templates to extract outline
structures and latent thematic information. Since uploaded templates can vary in form—from well-
structured formal documents to loosely organized text lists—we employ LLM-based tools to adap-
tively extract the necessary information. To unify the handling of heterogeneous input formats (e.g.,
plain text, PDF, etc.), our framework adopts the Model Context Protocol (MCP) [5], which standard-
izes parsing and processing across diverse document types.

To enrich the data sources used for long-text generation, we integrate Retrieval-Augmented
Generation (RAG) and Text-to-SQL technologies into our architecture. This enhancement enables
the model to query and utilize private databases or organizational knowledge bases in addition to
open Internet sources, thereby producing long-form reports that are both up-to-date and contextu-
ally relevant. In this way, the generated text can draw upon multi-source data, encompassing both
structured (database) and unstructured (knowledge base) content.

Based on the above considerations, we propose MSDA-Text (Template-Guided Long-Form
Text Generation with Multi-Source Data Augmentation), a new architecture for user-guided, data-
enriched long-text generation, as illustrated in Fig. 1.

The system extracts outline cues from user-provided templates as guidance, initiates automated
LLM discussions to derive the article structure, and connects to multiple data sources— including
Internet documents, local databases, and knowledge bases— to populate content for each section of
the generated text.

Our main contributions are as follows:

* Template-Guided Generation Strategy. We propose the MSDA-Text framework, which
introduces a template-guided long-text generation mechanism. It provides an interface for
users to upload reference templates and employs MCP-based processing to uniformly extract
and parse the uploaded files in different formats.

e Qutline Extraction and Semantic Mining. MSDA-Text analyzes the uploaded template
to extract explicit outline structures or mine implicit semantic cues, thereby enabling outline-
constrained generation and targeted material retrieval. The generated outlines more accurately
reflect user expectations compared with prior LLM-driven approaches.

* Long-Text Writing Agent. We design a long-text writing agent that autonomously retrieves
and synthesizes content for each section title based on the generated outline. This agent-driven
process enhances the coherence and factual grounding of the resulting long text.

* Multi-Source Data Integration. MSDA-Text incorporates multi-source data retrieval meth-
ods, ensuring that generated texts no longer depend solely on the Internet or a single data
source. Real-time updates from both structured databases and unstructured knowledge repos-
itories can be dynamically integrated into the generation process.



2 Related Work

This section provides an overview of existing long-form text generation frameworks and related
methods that can facilitate the generation of long texts.

2.1 The STORM Architecture

The STORM architecture, proposed by researchers at Stanford University, is a structured frame-
work designed to enhance the long-form generation capabilities of LLMs. It decomposes the gener-
ation process into two main stages to ensure that the produced text is coherent, comprehensive, and
well-grounded:

¢ Outline Generation through Multi-Perspective Discussion: In this stage, the system uses
LLMs to simulate a multi-agent discussion, exploring the target topic from different perspec-
tives [6]. Through this interaction, a detailed and logically structured outline is produced,
capturing the key aspects and organizational structure of the intended article.

* Content Completion with Retrieved References: Once the outline is established, the system
retrieves a set of reference documents relevant to each section of the outline. These references
serve as the factual basis for content generation. The LLM then fills in the outline by gener-
ating text based on the retrieved information, resulting in a long-form document that is both
information-rich and contextually accurate.
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Fig. 2. Template-driven outline extraction and recognition architecture based on MCP.

STORM emphasizes the importance of external knowledge in the long-form generation pro-
cess. By decoupling structural planning from actual content generation, it achieves greater factual
accuracy and thematic coherence. However, its reliance on publicly available internet data intro-
duces certain limitations when generating documents based on up-to-date or private data sources.

2.2 Model Context Protocol

The Model Context Protocol (MCP) is a unified processing interface designed to standardize
the ingestion, interpretation, and contextualization of different input formats. It enables the model to



effectively handle a variety of document types, including plain text files (.txt), structured documents
(e.g., Markdown), and semi-structured formats such as PDF or Word files.

MCEP parses the normalized content to extract key structural elements, such as headings, sec-
tions, lists, or bullet points, and maps them to a semantic outline that can be interpreted by the
language model. For unstructured inputs, it employs LLM-based heuristic methods to infer latent
structures or implied intent.

2.3 Retrieval-Augmented Generation Model

The Retrieval-Augmented Generation (RAG) model [7] retrieves relevant information from
a given data source and uses it to generate the desired output. Researchers primarily proposed
this concept for retrieving unstructured knowledge. For many LLM systems, external data is often
necessary to achieve superior text generation. However, in most cases, the external data may not be
structured in a way that allows for quick retrieval, such as data stored in databases or spreadsheets.
Instead, this information is typically stored in text files, like notepad documents. As such, the RAG
model is capable of retrieving relevant textual data as needed, enabling the LLM system to generate
more accurate and user-aligned text [8].

2.4 Text-to-SQL

Text-to-SQL is a task in natural language processing that focuses on converting natural lan-
guage queries into executable SQL statements [9]. It allows users to interact with structured databases
using simple language, thereby bridging the gap between non-technical users and complex data
querying systems.

Similar to RAG, the primary purpose of Text-to-SQL is to provide private data to LLM systems
for reference, helping to generate the desired text. However, unlike RAG, the primary use of this
technology is to retrieve structured data stored in databases. This type of data is typically well-
organized, large-scale, and detailed, and by retrieving this precise information, Text-to-SQL serves
as a reference for the LLM.

In the context of long-form text generation, incorporating Text-to-SQL allows the system to
dynamically retrieve structured data from relational databases based on user intent [10]. This en-
sures that the generated content is not only relevant and informative but also grounded in real-time,
accurate data. By leveraging Text-to-SQL, the framework proposed in this study seamlessly inte-
grates private or domain-specific structured data sources into the generation process, enhancing both
precision and reliability.

3 Proposed Method

This section introduces the overall design of the proposed MSDA -Text framework, which inte-
grates template-guided outline generation, multi-source data augmentation, and a controllable long-
text generation process.
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Fig. 3. Multi-source knowledge acquisition and fusion architecture.

3.1 Notation
For clarity, we define the main symbols used throughout this section:
o J ={to,t1,...,t,} : Titles extracted from user-uploaded . txt templates.
o W ={wo,wi,...,wp} : Titles extracted from . docx templates.
o Z={po,pi,...,pi} : Titles extracted from . pdf templates.
¢ % : Combined reference title set used for outline construction.
* S; : Source reliability score for data source d.
* Aq : Weight assigned to source d when fusing retrieved information.

* 9 ={Dyeb, Diocal, Dk } : Set of all available data sources (web, local database, and knowledge
base).

3.2 Template-Guided Architecture Based on MCP

To ensure that MSDA-Text generates article outlines that accurately reflect user intent, users
are allowed to provide custom templates at the outline generation stage. Based on the extracted
outlines and content, the MCP constructs a context-aware prompt &, that encodes both user intent
and document semantics:

yctx:fMCP(U7Cg)a (1)



where U represents user instructions and 4" denotes the merged reference set derived as:
¢ =Sort((TUW UD)). )

This prompt serves as the initialization signal for subsequent generation tasks, enhancing con-
trollability and personalization in long-form text generation. The overall workflow is illustrated in
Fig. 2.

3.3 Long-Form Text Generation Process

The MSDA-Text generation pipeline consists of four major modules: template parsing, outline
generation, article composition, and text refinement.
3.3.1 Template Parsing Module

The MCP processes user-submitted templates and converts them into structured Markdown
format, forming a scaffold for subsequent content generation.
3.3.2 Outline Generation Module

Given a user-defined topic 7 and parsed template &, the LLM performs multi-perspective
reasoning to produce a hierarchical outline:

O = fiim(T, Perx), 3)

where & represents the outline structure used to guide document composition.

3.3.3 Article Composition Module

A writing agent retrieves relevant data from heterogeneous sources 2 = {Dyeb, Diocal; Dkb }-
For each section o; € O, the agent gathers candidate content {x,} from each source d and fuses
them through a weighted reliability function:

Ci= Z ﬁ,dexZ, where Zld =1. “)
de? d

This mechanism ensures factual precision by prioritizing structured local data (Sjocal > Sweb)-

3.3.4 Text Refinement Module

Post-processing operations remove redundancy and correct stylistic inconsistencies. The final
text Thinal 1S obtained as:
Tfinal = freﬁne(cl Gy 7Cn)~ (5)



3.4 Multi-Source Data Fusion and Retrieval

To enrich data sources beyond the Internet, MSDA-Text integrates local databases and internal
knowledge bases. These data are categorized as structured or unstructured, and handled respectively
by Text-to-SQL and RAG modules (see Fig. 3).

3.4.1 RAG Model

For unstructured text retrieval, the LLM automatically formulates semantic queries g; based on
task intent:

qr = fprompt(intent)> (6)

and retrieves relevant passages using a retriever Z:
R = e@((flkab)- (N

This design allows context-aware information augmentation during content generation.

3.4.2 Text-to-SQL Module

Structured data are accessed using a text-to-SQL strategy [11, 12, 13]:

SQL, = firm(g:,”), (®)

where . denotes the schema or creation statements of the database tables. The generated SQL
query is executed to obtain structured results [14, 15, 16]:

Rsqr = Exec(SQL;, Digcal )- 9

Normalization procedures are applied to ensure consistent query forms, as illustrated in Fig. 4.
Through these modules, MSDA-Text effectively combines template-guided reasoning, user-
aligned control, and multi-source knowledge retrieval to produce comprehensive, accurate, and up-
to-date long-form documents.
Additionally, the normalization of queries is standardized as shown in Fig. 5.

4 Experiments

In this section, extensive experiments are conducted to verify the superior performance of the
proposed MSDA-Text framework. First, a series of ablation studies are carried out to evaluate the
effectiveness of each key component in MSDA-Text, including the template-guided generation and
multi-source knowledge retrieval modules. These components are comprehensively analyzed using
metrics such as Entity Recall, Soft Recall on Titles, and Template Recall. Then, a human evaluation
is performed on the generated report content, where domain experts assess the text quality in terms of
Relevance and Coverage. Finally, several visualization results related to the MSDA-Text architecture
are presented to further demonstrate its interpretability and effectiveness.
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4.1 Dataset

In terms of dataset selection, all public data used in this study were obtained from the Internet.
For private data, the structured data stored in databases were provided by third parties during a
collaborative project with an enterprise from December 2023 to December 2025. Regarding the
unstructured text data used to construct the knowledge base, we collected official documents during
the project period, primarily sourced from authoritative public datasets such as statistical yearbooks,
with a focus on regions like Linyi City. The private dataset mainly covers the current status of
regional industrial development. In this work, the quality of long-text generation regarding the
industrial development status is adopted as the primary evaluation metric. All private data used in
this study were integrated to construct the MSDA-dataset, which primarily includes two knowledge
bases obtained from public data repositories and thirteen tables containing information related to
industrial development.

4.2 Experimental Metrics

In this study, both objective and subjective evaluation metrics are employed to assess the per-
formance of the MSDA-Text framework. For the objective evaluation, we adopt the ROUGE metric
suite [17], using Entity Recall to measure the completeness of entity retrieval, with the absolute num-
ber of correctly retrieved entities serving as the primary metric. In addition, two percentage-based
indicators are introduced: Template Recall and Soft Title Relevance, which respectively measure
the degree of adherence between the generated text and the structural template, and the semantic
alignment between the generated titles and the expected ones. Note that, for clarity, the percentage
symbols are omitted in the reported experimental results.

For the subjective evaluation, ten domain experts with backgrounds in knowledge-base con-
struction were invited to assess the quality of the generated long-form texts. Each expert provided
their own input topics and templates, based on which MSDA-Text generated corresponding domain-
specific reports. The experts then rated the outputs on a 10-point scale according to content quality
and consistency with expectations. The final subjective score was obtained by averaging all expert
ratings.

4.3 Baselines

To ensure a standardized experimental process and enhance the credibility of the results, we
conducted comparative experiments using the same large pre-trained language models. For this
purpose, four LLM-based baselines were established based on different configurations of the MSDA -
Text framework:

4.3.1 TG-LLM(Template-Guided LLM )

The extracted title and structural information from the user-provided template are directly fed
into the LLM for report generation, without integrating any external data sources.



4.3.2 SK-MSDA(Single-Source Knowledge MSDA-Text )

The MSDA-Text framework operates with a single-source knowledge setup, where data re-
trieval is limited to Internet searches only.
4.3.3 WT-MSDA(MSDA-Text without Template but with Multi-Source Knowledge)

The MSDA-Text framework enables multi-source data retrieval, including both online and local
knowledge bases, but removes the template-guided generation mechanism.
4.3.4 MSDA-Text

The complete MSDA-Text architecture is employed, integrating both the template-guided strat-
egy and multi-source knowledge retrieval for comprehensive evaluation.

Table 1: Objective Evaluation Results of MSDA Across Different Large Language Models

Evaluation Metrics Model T-G-LLM SK-MSDA WT-MSDA MSDA
Deepseek-r1 0.79 1.04 0.75 3.26
. Qwen3 0.82 1.08 0.78 2.95
Entity Recall Llama3.1 0.85 1.10 0.81 321
Gemma3 0.76 0.98 0.69 3.00

Deepseek-r1 11.49 25.07 40.50 50.14

. Qwen3 12.10 26.37 4135 50,00

Soft Recall on Titles o3 11.80 27.95 39.70 50.00
Gemma3 10.70 23.50 33.90 49.85

Deepseek-r 15.83 4517 58.33 94.12

Temolate Recall Qwen3 17.30 46.55 59.33 93.50

p Llama3.1 16.50 4333 62.15 95.02
Gemma3 14.80 43.09 55.73 89.48

Note: This table presents the objective evaluation results of the proposed MSDA-Text framework compared with base-
line methods (T-G-LLM, SK-MSDA, WT-MSDA) across different large language models. The evaluated models in-
clude Deepseek-rl, Qwen3, Llama3.1, and Gemma3: Deepseek-rl is a reasoning-focused model with a reinforcement
learning-driven architecture that does not rely on supervised fine-tuning, and it includes the DeepSeek-R1-Zero variant;
Qwen3 is the latest version of Alibaba’s Qwen series, characterized by a 32768-token context window and “Thinking
Mode” to enhance reasoning capabilities; Llama3.1 is an open-weight model developed by Meta Platforms, Inc., avail-
able in 8B, 70B, and 405B parameter versions, and optimized for instruction following and coding tasks; Gemma3 is
a lightweight and efficient open language model from the Gemma Team (affiliated with Google), with strong perfor-
mance across diverse task types. The evaluation metrics include Entity Recall (used to evaluate the effectiveness of
entity extraction), Soft Recall on Titles (used to assess the accuracy of title alignment), and Template Recall (used
to measure the degree of adherence to structural templates). In the table, the best results are shown in bold, and the
second-best results are underlined.



Table 2: Subjective Evaluation Results of MSDA

Method Relevance Coverage
T-G-LLM 441 3.02
SK-MSDA 4.79 4.93
WT-MSDA 5.11 3.86
MSDA 5.45 5.07

Note: This table reports the subjective evaluation of MSDA-Text based on human expert ratings.
Ten domain experts scored the generated reports on two criteria: Relevance (topic alignment) and
Coverage (content completeness). Scores are averaged across all participants. The best results are in
bold, and the second-best are underlined.

4.4 Experiment Implementation

This paper conducts ablation studies on each module of the MSDA-Text architecture to eval-
uate its effectiveness in long-form text generation. In the experiments, we employed multiple large
language models, including Qwen and LLaMA, to compute objective metrics such as Entity Recall,
Template Recall, and Title Soft Relevance. These results served as the foundation for assessing the
objective evaluation criteria.

For the subjective evaluation, the Qwen model was uniformly adopted to generate the long-
form content. Ten domain experts were invited to evaluate the generated texts according to two key
criteria: Relevance and Coverage [18].

The evaluation results based on objective metrics are presented in Table 1. According to the re-
sults, although the evaluation scores vary slightly across different large language models, the MSDA-
Text framework consistently demonstrates significant improvements in all related metrics compared
with the three baseline models. These improvements highlight the effectiveness of integrating multi-
source data and template-guided prompting in long-form text generation tasks.

The template-guided architecture of MSDA-Text, enhanced with multi-source data integration,
achieves superior performance—particularly in tasks such as generating comprehensive, domain-
specific industry reports. Its ability to incorporate heterogeneous data sources, including real-time
updates and expert domain knowledge, substantially improves both accuracy and relevance, making
MSDA-Text a promising framework for high-quality report generation.

Furthermore, the subjective evaluation scores assigned by domain experts across the four eval-
uation metrics are summarized in Table 2. As shown in the results, evaluators consistently awarded
higher scores to MSDA-Text in terms of both Relevance and Content Coverage, validating its effec-
tiveness and practical value in long-form text generation.

4.5 Experimental Results

This study conducts comparative experiments across baseline models with different structural
designs and knowledge configurations to evaluate the effectiveness of the proposed MSDA-Text



framework in integrating multi-source data and guiding structured generation. The experimental re-
sults demonstrate that the full MSDA-Text architecture consistently outperforms all baseline meth-
ods across three key metrics: Soft Recall on Titles, Entity Recall, and Template Recall.

Specifically, MSDA-Text achieves the highest score in Soft Recall on Titles, indicating its
superior capability to model and leverage title structures during text generation. In terms of Entity
Recall, MSDA-Text also shows a notable advantage, suggesting that the integration of heterogeneous
knowledge sources leads to more comprehensive coverage of entity-level content. Furthermore, the
structure-guided generation mechanism within MSDA-Text significantly enhances Template Recall,
reflecting its strong alignment with task-specific formatting and structural requirements.

By contrast, T-LLM leverages structural templates but lacks external knowledge integration,
limiting its performance in entity coverage. SK-MSDA, which relies solely on a single knowledge
source, improves entity recall but fails to provide structural guidance. WT-MSDA incorporates
multi-source knowledge yet omits structural template guidance, resulting in suboptimal overall per-
formance.

In summary, these findings validate the synergistic advantage of the MSDA-Text framework
in combining structural understanding with multi-source knowledge fusion. This highlights its po-
tential as an effective modeling paradigm for structured long-form text generation and knowledge-
grounded question answering. The visual comparison of the results is presented in Fig. 6.

(a) Entity Recall (b) Soft Recall on Titles () Template Recall (d) MSDA Performance Improvement
=110

Recall Velue
Recall Velue

Recall Value
Inprovement (%)
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Fig. 6. Objective Evaluation Results of MSDA Across Different LLMs.

5 Conclusion

The MSDA-Text framework proposed in this study addresses key challenges faced by existing
large language models (LLMs) in generating long-form content, particularly in professional fields.
These challenges include user alignment, structural guidance, and data reliability. Experimental
results demonstrate that MSDA-Text significantly enhances long-text generation quality across three
critical dimensions: user alignment, structural guidance, and data consistency.

First, MSDA-Text improves user satisfaction and content relevance by allowing users to upload
reference documents that reflect the desired structure and theme. This includes both structured
templates and unstructured text. Compared to traditional methods, MSDA-Text enhances parsing
and structural inference through the Model-Contextual Prompt (MCP), supporting various input



formats (e.g., PDF, DOCX, and plain text). This significantly improves the structural consistency of
the generated content.

Second, MSDA-Text integrates Retrieval-Augmented Generation (RAG) and Text-to-SQL tech-
niques to enable the dynamic fusion of both public and private knowledge sources, such as enterprise
databases and internal knowledge repositories. This multi-source architecture improves the factual
consistency of the generated content and enables the LLM to produce high-fidelity content in real
time, based on the given context. Particularly in domain-specific, customized scenarios, MSDA-Text
provides a notable advantage.

Finally, both quantitative and qualitative analyses from the experiments show that MSDA-Text
outperforms existing baseline models in terms of content relevance, structural consistency, and user
alignment. These innovations position MSDA-Text as a scalable and feasible solution for enterprise-
level, content-intensive applications, such as report generation, knowledge documentation, and tech-
nical writing.

In conclusion, the MSDA-Text framework provides an effective solution to the challenges of
long-text generation in professional fields. Its ability to offer structured guidance and integrate multi-
source data augmentation leads to significant performance improvements in practical applications,
particularly in scenarios that require high levels of customization.
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